Background: Acute myeloid leukemia (AML) is a disease with marked molecular heterogeneity and a high early death rate. Our aim was to investigate an integrated Gene expression, Mirna and miRNA-mRNA Interactions (GMI) signature for improving risk stratification of AML.
Background
Acute myeloid leukemia (AML) is a malignant disease of the bone marrow and typically represents functionally and phenotypically various cells in the same patient. Gene mutations identified distinct cytogenetically defined subsets of AML and unraveled the heterogeneous disorder in terms of genetic basis. Karyotype [1] , mutations in the transcription factor CCAAT/enhancer-binding protein alpha (CEBPA) [2, 3] , internal tandem duplications of the fms-related tyrosine kinase 3 (FLT3-ITD) [4] , recurrent lesions in the nucleophosmin gene (NPM1) [5] , GATA binding protein 2(GATA2) mutations [6] , and Wilms tumor 1 (WT1) mutations [7] are related with patient relapse, prognosis and survival outcome. Although these guidelines for clinical treatment have improved the prognosis, AML is curable in about 35% of patients under 60 years old and 10% over 60 years old [8] . Hence, it is crucial to develop a reliable method for identifying new biomarkers and developing prognosis model to guide individual treatment of patients.
Several methods have been developed for the analysis of multiple molecular data to identify cancer-driven signatures and predict clinical outcome. Previous studies have demonstrated that microRNA signatures were identified to be associated with cytogenetics, prognosis and therapeutic targets in AML [9] [10] [11] and microRNA expressionbased model could predict event-free survival in AML [12, 13] . Moreover, distinct molecular subgroups that reflect discrete paths in the evolution of AML was identified to inform disease classification and prognostic stratification [14] . High-throughput proteomics data, such as Reverse Phase Proteomic Arrays (RPPA), was utilized to develop the prognosis model and bridge the gap between the underlying genetic alterations and functional cellular changes [15] . With the advances in next-generation sequencing (NGS) studies, integration of multiple molecular data and genomic knowledge improved the understanding of molecular pathogenesis and underlying biology in cancer [16] . Integrative data analysis methods led to the identification of novel microRNA-target gene interactions of potential relevance [17] and the discovery of NPM1 mutation-modulated miRNA-mRNA regulation pairs [18] for AML treatment. However, the sample size is still relatively small and the prognosis model has not been mentioned for patient stratification.
To address these questions, we collected 25 publicly available gene expression data sets containing 861 human AML patients and 75 normal cases. By pooling such a large amount of data, we aimed to identify differentially expressed genes for describing different gene expression patterns between normal samples and AML samples. Furthermore, we wanted to discover the functional regulatory networks for identifying potential regulations between mRNA and miRNA in biological processes. Based on the observation that miRNA-mRNA interactions were biologically relevant, we hypothesized that a functional miRNA-mRNA regulatory module could better represent underlying biological characteristics and may lead to a more powerful prognosis model. Moreover, we tried to develop Random survival forest (RSF) model using The Cancer Genome Atlas (TCGA) dataset based on prognostic miRNA/mRNA signatures. The results demonstrated that the model-based patient stratification provided useful predictive information for AML patient subgroups. Figure 1 illustrated the overview of the overall study design. Microarray gene expression data on AML were collected and processed. Differential gene expression analysis was performed to identify differentially expressed genes. MiRWalk was then used to discover miRNAs that target the prioritized genes and further identify the functional miRNA-mRNA regulatory module. Specifically, the list of differentially expressed 23 genes and 16 target-validated miRNAs were named as the GMI signature because it integrated information from Gene expression, Mirna and miRNA-mRNA Interactions. Random survival forest (RSF) method were used with GMI signature to develop prognosis model in training cohort and then evaluated on the test dataset. We used RNA-seq and miRNA expression dataset on AML cases from TCGA as training and validation cohort. The gained RSF-based score was applied for patient stratification and survival analysis.
Methods

Study design
Sample collection of AML datasets
We searched PubMed (https://www.ncbi.nlm.nih.gov/ pubmed) with the terms "acute myeloid leukemia", "gene expression", "prognosis" and "signature" for published articles. This search retrieved the relevant Gene Expression Omnibus (GEO) database for further analysis. Raw microarray data were obtained from publicly available AML gene expression datasets in NCBI GEO. We collected AML samples of 25 gene expression datasets with Affymetrix Human Genome U133 plus 2.0 microarrays. The normalization was conducted on all samples in a single set using Robust MultiChip Analysis (RMA) algorithm [19] and Quantile Normalization and thus ensured the independence of processed datasets. Signal intensities were log2 transformed and probe set values summarized using Median Polish Summarization Method [20] . Probe set identifiers (IDs) were mapped to gene symbols based on the mapping from the GEO database. To resolve redundancies, multiple probes were mapped to unique Entrez Gene IDs by their median expression level. To make expression level comparable across genes, expression values for each gene were standardized using a Z-score transformation. An experimental group including 861 AML samples and a control group containing 75 normal bone marrow samples were used for the prioritization of gene expression signatures. The information of the source datasets of all AML samples is shown in the Table 1 .
TCGA samples for training and validation cohorts
Transcriptomic data from the AML cohort were downloaded from the TCGA site (https://portal.gdc.cancer. gov/). We collected the mRNA sample data (N = 187, 24, 991 genes), the miRNA sample data (N = 301, 1882 miRNA) and the clinical sample data (N = 993) of AML from TCGA database. Log transformation (base 2) was used to re-scale mRNA and miRNA expression, followed by a Z-score transformation. Transcriptomic data of GMI signature were obtained and processed from TCGA. Specifically, 147 AML samples were selected based on the present expression values of 23 gene expression signatures from 187 RNA-seq expression dataset and 16 miRNAs from 301 miRNA expression dataset. Data collection and process was shown in Fig. 1 . We split the tissue samples into TCGA Part One (TCGAPO, N = 74) and TCGA Part Two (TCGAPT, N = 73) cohorts for further analysis. TCGAPO cohort includes 41 samples (alive) and 33 samples (dead) for overall survival (OS) of patients. At the same time, TCGAPT cohort contains 33 samples (alive) and 40 samples (dead) for OS of cancer patients. Each dataset was used as a training-set in turn and developed models were evaluated against the other dataset. Table 2 illustrated the clinical characteristics of TCGA AML cohort.
Differential gene expression analysis
To identify differentially expressed genes, differential expression analysis was used to assess differences in gene expression between an experimental group and a control group assessed by two-tailed Student's t-tests and corrected by Benjamini-Hochberg [44] . The false discovery rate (FDR) of multiple testing was controlled using the Benjamini and Hochberg method. Significantly differentially expressed genes were selected with the FDRadjusted p-values < 0.01. Adjusted statistical significance was then set at q-values < 0.01 with FDR correction for multiple testing where relevant. Fold Change value of 2.5 was further used as a cut-off to identify up-and downregulated genes.
MiRWalk identify miRNA-mRNA interactions
To identify miRNA-mRNA interactions, we used the significantly differentially expressed genes (mRNAs) as seeds and identified the target-validated miRNAs from the miRWalk2.0 database (http://mirwalk.umm.uni-heidelberg.de/) [45] . To investigate the biological relevance of the identified interactions, we used an advanced search options including miRDB and TargetScan for miRNAs target selection. The functionally correlated miRNA-mRNA regulatory module was then identified and constructed for further analysis.
Survival analysis for GMI signature
The LinkedOmics database (http://www.linkedomics. org) contains multiple molecular data and clinical data for different cancer types from the TCGA project, which systematically interpret and explore the complex relationships between the vast amount of clinical and molecular attributes [46] . In addition, Gene Expression Profiling Interactive Analysis (GEPIA) (http://gepia.cancer-pku.cn/) was used for efficiently analyzing the RNA sequencing expression data from the TCGA data [47] . In this analysis, we utilized these two analytical tools to perform validation of AML specific expression and prognosis for the GMI signature.
Statistical analysis
We used random survival forest (RSF) method for developing a prognosis model [48] . An R implementation of the rfsrc available in the randomForestSRC package was used for model development. RSF had two parameters ntree and mtry, where ntree represented the number of trees in the forest and mtry was the number of randomly selected variables for splitting at each node. We used a grid-search on ntree and mtry using 5-fold crossvalidation. All the pairs of (ntree, mtry) are formed and the one with the best C-index value is identified as the optimized parameters. The C-index represents a probability of the concordance between predicted and observed survival, which is a typical metric for quantifying the predictive ability of a survival model. The developed RSF prognosis model based on the optimal parameters was then evaluated on the independent dataset where the RSF-based score was derived for each sample.
(See figure on previous page.) Fig. 1 Outline of the study design. Differentially expressed genes were identified with differential expression analysis. MiRWalk was used to reconstruct the functional miRNA-mRNA regulatory module. RSF method was then used with GMI signature to develop prognosis model in training cohort. The developed prognosis model was evaluated on the independent dataset. The gained RSF-based score was applied for survival analysis and patient stratification. Specifically, we removed 14 genes which were not found in 187 RNA-seq expression dataset and 100 miRNAs which were not found in 301 miRNA expression dataset. Samples from TCGA with no expression of the signatures genes/miRNAs were filtered out. One hundred forty-seven AML samples were selected based on the present expression values of 23 gene expression signatures from 187 RNA-seq expression dataset and 16 miRNAs from 301 miRNA expression dataset The calculated C-index values evaluated the association between the RSF-based score and real prognosis of the patients. Standard Kaplan-Meier survival curves were generated for different risk patient groups on the basis of the RSF-based scores. The median score was used to stratify patients into high-risk and low-risk score groups, and the log-rank test was utilized to assess the survival difference between two different risk groups. The statistical test was two-sided and the estimated p value less than 0.05 was considered statistically significant.
Results
The prioritized gene expression signatures
In the microarray analysis, 139 genes were found to be differentially expressed between 75 normal bone marrow samples and 861 AML samples (Additional file 1: Table  S1 ). All the 139 genes suggested higher expression levels with statistical significance in AML cases than in controls. We illustrated the volcano plot by analyzing genes with differential expressions between 861 AML samples and 75 normal cases for mRNA microarrays (Additional file 2: Figure S1 ). It showed the significant interactions with −log 10(p-value) as a function of the log2 fold-change in the gene expression of AML.
The functional miRNA-mRNA regulatory module MiRWalk2.0 is a publicly available comprehensive archive, providing an array of experimentally verified and predicted miRNA-mRNA interaction pairs. It has been proved that miRNA-mRNA interactions play critical roles in diverse biological processes and pathologies [49] .
We used the above 139 differential expressed genes (mRNAs) to identify the correlated miRNAs which may target them. We then identified 37 mRNAs with matched 116 miRNAs (Additional file 2: Figure S2 ). One hundred two mRNAs were removed because these mRNAs have no matched miRNA targets. The functionally correlated miRNA-mRNA regulatory module (the center of Additional file 2: Figure S2 ) was then derived with 23 mRNAs and correlated 97 miRNAs (Fig. 2) . Twenty-three differential expressed genes are then listed in Table 3 . Among the 97 miRNAs, only the 16 miRNAs in the AML TCGA dataset were found and used for further analysis. A panel of 16 miRNA markers contained hsa-mir-448, hsa-mir- [53] , and LEF1 [54] are the key oncogenes/tumor suppressor genes in acute myeloid leukemia. Among the GMI signature, IGF1R is targeted by hsa-miR-378b, hsa-miR378c, hsa-miR-378e, hsa-miR-378f, hsa-miR-378 h, hsamiR-378i, and hsa-miR-448 respectively. It suggests that hsa-miR-378 family members and hsa-miR-448 have important regulatory functions for AML. In addition, AKTIP is targeted by hsa-miR-520b and hsa-miR-520e, CDK6 is targeted by hsa-miR-320a and hsa-miR-449a, PAG1 is targeted by hsa-miR-429 and hsa-miR-1193, RORA is targeted by hsa-miR-107 and hsa-miR-137. It confirms that hsa-miR-520b, hsa-miR-520e, hsa-miR320a, hsa-miR-449a, hsa-miR-429, hsa-miR-1193, hsamiR-107, and hsa-miR-137 also play important roles in regulating AML. Moreover, LEF1 is targeted by hsamiR-449a, MGAT4A is targeted by hsa-miR-449a, PLXNC1 is targeted by hsa-miR-320a, and SCML4 is targeted by hsa-miR-346. It indicates that hsa-miR- Fig. 2 The functional miRNA-mRNA regulatory module. The module was constructed with 23 mRNAs and 97 correlated miRNAs. The functional miRNA-mRNA regulatory module are groups of genes and miRNAs with highly correlated expression patterns. It may participate in the network of cancer progression and have biological implications for AML 449a, hsa-miR-320a, and hsa-miR-346 may be very significant for the regulation of AML.
Collectively, the identified interactions between miRNAs and mRNAs suggest that the functional miRNAmRNA regulatory module participate in the network of cancer progression and have biological implications for AML in common.
GMI signature in survival analysis
To analyze the predictive value of the GMI signature on survival we used the LinkedOmics tool. We got the survival analysis curves of each gene and target-validated miRNA from TCGA tumor samples (Fig. 3 and Additional file 2: Figure S3 ). Seven genes/miRNAs were found with statistical significance (p ≤ 0.05) including (Fig. 3) . It is worth noting that the high-risk group has significantly worse overall survival than the low-risk group for the previous genes/miRNAs. Similarly, we applied GEPIA for the prognosis of the GMI signature in AML from TCGA project. The patients were stratified into different prognosis subsets in a sample by determining the expression level of markers (Additional file 2: Figure S4 ). Survival analysis of three genes (ABLIM1, p = 0.019; ATXN1, p = 0.029; PLEKHA1, p = 0.048) revealed patient stratification with statistical significance on overall survival analysis. Interestingly, we observed that ABLIM1 and ATXN1 were significantly associated with overall survival for these different prognosis prediction tools.
The GMI signature-based prognosis models improve AML survival prediction
To test whether the GMI signature can predict AML recurrence, we developed prognosis model using the identified signature as features and evaluated performance of the models in independent cohorts. We developed a RSF prognosis model with the GMI signature using TCGAPO dataset. Variable importance (VIMP) is used to measure the increase (or decrease) in prediction error for the forest ensemble when a variable is randomly "noised-up" [55] . VIMP evaluates the predictive performance of the GMI signature and a large VIMP value indicates a potentially predictive variable. As shown in Fig. 4a, SGPP1 and CDK6 are potentially predictive features with larger positive VIMP values in model development.
In the RSF prognosis model development, five-fold cross validation was used to optimize the parameters for the RSF algorithm, and a full model based on the complete dataset was developed using the optimal parameters. The best performing parameters (ntree = 10, mtry = 20) were selected to build the RSF prognosis model. RSF-based scores were then calculated for individual sample. The calculated RSF-based scores displayed 78% concordance (C-index = 0.78) in the light of the real survival data in the training cohort. Based on the RSF-based scores, the samples were divided into a "high-risk" group with above-median scores and a "lowrisk" group with below-median scores. As shown in Fig.  4b , the Kaplan-Meier analyses exhibited highly significant differences in time to overall survival between two different risk groups (hazard ratio [HR], 16.4; 95% confidence interval [CI], 5.68-47.3; p = 1.263e-11). The lowrisk group had 3-year overall survival rate of 100% and the high-risk group possessed 3-year overall survival rate of 26%. The developed RSF prognosis model was applied for the independent test dataset and predictive performance was evaluated using the cohort TCGAPT. As shown in Fig. 4c , the high-risk group showed significantly worse overall survival (C-index = 0.59, hazard ratio [HR], 2.12; 95% confidence interval [CI], 1.11-4.03; p = 0.019) than the low-risk group. The overall survival at 3 years between low-risk and high-risk group was 63 and 35% respectively.
To further evaluate the effectiveness of the GMI signature, we reversed the training and testing datasets by Fig. 4 Testing the TCGAPO-derived RSF prognosis model with GMI signature on the TCGAPT. a Variable importance values derived from random survival forest analysis. The log-rank splitting rule was used for model development. b Kaplan-Meier survival curves from 5-fold cross-validation results of the TCGAPO-derived RSF prognosis model. c Testing the TCGAPO-derived RSF prognosis model on independent test dataset TCGAPT. Kaplan-Meier survival curves derived for the risk stratification of TCGAPT dataset constructing RSF prognosis model based on TCGAPT dataset and testing their performance on TCGAPO dataset. Analogous results were achieved as shown in Fig. 5 . As shown in Fig. 5a , scores derived from the GMI signature-based model showed 77% concordance (Cindex = 0.77) when compared to the real survival data and the patients were seperated into two groups with significantly different overall survival (hazard ratio [HR], 11.1; 95% confidence interval [CI], 4.98-24.8; p = 2.403e-12). The 3-year overall survival rate was 81% in the lowrisk group compared with 17% in the high-risk group.
The TCGAPT-derived RSF prognosis model was test on independent test dataset TCGAPO. As shown in Fig. 5b , the Kaplan-Meier analyses for overall analysis illustrated the difference between the high-risk and low-risk group was highly significant (C-index = 0.58, hazard ratio [HR], 2.08; 95% confidence interval [CI], 1.02-4.24; p = 0.038). The overall survival at 3 years was 71% for the low-risk group in comparison with 57% for the high-risk group. These results confirmed that the GMI signature-based prognosis models could predict AML recurrence. Samples of TCGAPT were analyzed using univariate and multivariate analyses with Cox's proportional hazards regression to evaluate the prognostic value of the GMI signature score in combination with individual clinical variables (age, gender, race) and risk factors (WBC count, NPM mutation, FLT3-ITD mutation, CEBPA mutation, WT1 mutation). The GMI signature-based RSF model from TCGAPO was developed to test TCGAPT and achieved the GMI signature score of the samples. Univariate and multivariate Cox's regression analyses were summarized in Table 4 . The GMI signature score was significantly associated with overall survival (p = 0.019) in the univariate analysis and still preserved the significance (p = 0.02) in the multivariate analysis. As can be seen from the Table 4 , there was a significant difference in overall survival with WBC count and FLT3-ITD mutation (p < 0.05), demonstrating the potential value of two risk factors. The GMI signature score was more highly prognostic with overall survival than individual clinical variables and risk factors when the log-rank p values were observed and compared. In summary, the GMI signature score represented a prognostic signature strongly associated with a higher risk of tumor recurrence.
Discussion
MicroRNAs play crucial regulatory roles in mediating mRNA degradation with a sequence-specific manner [56] . Most previous work has focused on the experimental and computational approaches to decipher how miRNAs and genes interact in cellular network [57] . The understanding of modular organization of biological network further provides a global view on the miRNAmRNA regulatory relationships. Previous studies have shown that the increased expression of miR-449 causes down-regulation of oncogene CDK6 which stimulates cell proliferation in gastric cancer [58] , miR-448 suppresses proliferation and invasion by regulating IGF1R in colorectal cancer cells [59] , and miR-378 family members target IGF1R, a key signaling molecule in rhabdomyosarcoma [60] . Based on these observations, the functional miRNA-mRNA regulatory module may be associated with cell proliferation, apoptosis and cell migration in AML. In addition, we have found that ABLIM1 and ATXN1 were significantly associated with overall survival for AML. In fact, loss of CIC or ATXN1L modulates sensitivity to MEK inhibition in RAS-mutant cancers [61] . It demonstrates that SRGN is crucial for regulating actin cytoskeletal organization associated with cell migration for cancer metastasis [62] . Interestingly, reduced expression of SRGN is accompanied by downregulation of ABLIM1, LIMA1, CFL1, RAC1, RAC2 and RHOA, concomitant with decreased cell motility [62] .
The RSF prognosis models based on mRNA or miRNA expression signatures from GMI signature were developed in the cohort TCGAPO. There was a significant difference between two different risk groups with mRNA signature based RSF prognosis model It has previously been observed that a 17-gene stemness score (LSC17 signature) could predict recurrence risk in AML patients [63] . The 11 genes are appeared in TCGA cohort including CPXM1, EMP1, LAPTM4B, ARHGAP22, MMRN1, ZBTB46, AKR1C3, SMIM24, CDK6, NYNRIN and SOCS2. The targeted 31 miRNAs (hsa-mir-3943,hsa-mir-761,hsa-mir-765,hsa-mir-548v, hsa-mir-5739,hsa-mir-8082,hsa-mir-8089,hsa-mir-1913, hsa-mir-4290,hsa-mir-644a,hsa-mir-6132,hsa-mir-320a, hsa-mir-8054,hsa-mir-1303,hsa-mir-4313,hsa-mir-5682, hsa-mir-4426,hsa-mir-4651,hsa-mir-4447,hsa-mir-646, hsa-mir-4326,hsa-mir-922,hsa-mir-1291,hsa-mir-3911, hsa-mir-3138,hsa-mir-1179,hsa-mir-449a,hsa-mir-4481, hsa-mir-4498,hsa-mir-4657,hsa-mir-8064) are identified For the prioritized gene expression signatures, lack of concordance is a common observation in clinical trial [64, 65] . However, several AML gene expression signatures provided the relationship with patient prognosis and survival outcome [5, 7] . It suggested that different signatures may share joint biological themes that are not obvious on the individual gene level [65] . Therefore, pathway-based analysis has been made to discover biological mechanisms underpinning concordant prognosis for different gene expression signatures [66] . Whilst it has great potential, the GMI signature based prognosis model is nevertheless limited by the small scale of currently available TCGA data. Although the performance has demonstrated that the developed RSF prognosis model is effective in improving AML survival prediction, we suppose that the concomitant increase of clinical data and large scale of training samples would ameliorate the reliability of the prognosis model for cancer treatment. Ongoing large-scale cancer genome project, e.g. TCGA project, has provided multiple molecular data for clinical cancer research. The multi-omics integration reveals the association between various genomic variables and helps to discover the complex regulatory pattern toward generated heterogeneous data including mRNA expression and miRNA expression. The NanoString technology applies color-coded molecular barcodes to hybridize directly for many different types of target molecules with high sensitivity and precision. Therefore, this emerging technology could develop the GMI signature chip as AML diagnostics tool for clinical applications.
Conclusion
We used the pooled analysis of gene expression profiling data from 861 patients to identify differentially expressed gene expression signatures. We applied miRWalk approach to integrate multiple types of transcriptomic data and discover the functional miRNA-mRNA regulatory module. In the development of prognosis model, the GMI signaturebased RSF model was used to derive the prognostic risk score and accordingly stratify the patients into a high-risk and low-risk group. The results demonstrated that the RSF prognosis model measured underlying biological characteristics which are predictive of clinical outcomes and informed the treatment in AML. In conclusion, the GMI signature based RSF prognosis model can help facilitate rational design of clinical studies by patient stratification. Notwithstanding its great potential, the GMI signature score is limited by the quality of currently available data. An important future work is to validate the clinical usefulness of the GMI signature for the developed prognosis model in AML.
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Additional file 1: Development and validation of GMI signature based random survival forest prognosis model to predict clinical outcome in acute myeloid leukemia (XLSX 32 kb) Additional file 2: Figure S1 . Illustration of the volcano plot for identifying the differentially expressed genes. 
